Introduction
Fires have long been recognized as one of the major sources of radiatively and chemically active trace gases and aerosols in the atmosphere [Crutzen et al., 1979; Seiler and Crutzen, 1980; Crutzen and Andreae, 1990; Hao and Liu, 1994; Galanter et al., 2000; Andreae and Merlet, 2001; Duncan et al., 2003; Reid et al., 2005a Reid et al., , 2005b van der Werf et al., 2006; Schultz et al., 2008; Reid et al., 2009; van der Werf et al., 2010; Lamarque et al., 2010; Wiedinmyer et al., 2011; Kaiser et al., 2012; Voulgarakis and Field, 2015] . While highly variable across space and time, combustion products of biomass burning events across the globe constitute a significant fraction of the total direct anthropogenic emissions of CO2, carbon monoxide (CO), CH4, NOx, OC, and BC according to current fire emission inventories such as Global Fire Emission Database version 3 (GFEDv3), Fire Inventory from NCAR version 1 (FINNv1), Fire Locating and Modeling of Burning Emissions, and Global Fire Assimilation System version 1 (GFASv1). Regionally, enhancements in atmospheric abundance of these smoke constituents are even more significant. Majority of CO2, NOX, and BC are released from savanna, grassland, and shrubland fires, while a higher fraction of CO, CH4, OC, and other particulate matter are contributed by tropical deforestation and degradation fires that mostly occur in southern South America, as well as peat fires that mostly occur in equatorial Asia. Fires contribute to significant perturbations in atmospheric composition causing substantial direct and/or indirect effects (and feedbacks) to air quality, weather, climate, ecosystem, agriculture, public health, and safety [e.g., Andreae, 1991 [e.g., Andreae, , 1993 Christopher et al., 1996; Jacobson, 2004; Longo et al., 2009; Bowman et al., 2009; Langmann et al., 2009; Ward et al., 2012; Johnston et al., 2012; Keywood et al., 2013; Goldammer, 2015; Jacobson, 2014; Voulgarakis and Field, 2015; Saide et al., 2015; Pacifico et al., 2015; Reddington et al., 2015; Nazareno and Laurance, 2015] . A growing body of evidence also shows that the main drivers of these fire events (i.e., deforestation and drought) have been changing in the midst of rapidly transforming urban landscapes and warmer and drier climate in these fire regions [e.g., Dennison et al., 2014; Golding and Betts, 2008; Westerling et al., 2006] .
Smoke emissions can be estimated by using either bottom-up or top-down approaches. Bottomup estimates of the amount (MX, in g of X per fire) of trace gases and aerosols (X) emitted from fires are traditionally derived from area-burnt products (A, in km 2 ), biomass available for burning per unit area or fuel load (B, in kg of dry matter per km 2 or FL in other studies), combustion completeness (C, in % or CC in other studies), and emission factors from laboratory and/or field data (EFX, in g of X per kg of dry matter) [Seiler and Crutzen, 1980] . (C) and (EFX) can be considered to be directly coupled and together signify fire combustion efficiency [Ward and Hardy, 1991; van Leeuwen and van der Werf, 2011; van Leeuwen et al., 2014] . Relatively higher combustion efficiency (CE or modified combustion efficiency (MCE)) is related to flaming phase, while relatively lower combustion efficiency is related to smoldering phase of a fire.
Flaming combustion is associated with high levels of carbon, hydrogen, and nitrogen fuel oxidation to CO2, H2O, and NOX, respectively. On the contrary, smoldering combustion is associated with high levels of incomplete combustion products such as CO and organic carbon aerosols [Ward and Hardy, 1991; Ferek et al., 1998; Andreae and Merlet, 2001; Bertschi et al., 2003; Yokelson et al., 2007; Akagi et al., 2011] . We note that whereas there have been studies on (C) and (EFX), biomass-burning efficiency still remains to be fully understood and quantified [e.g., Andreae and Merlet, 2001; Schroeder et al., 2009; van Leeuwen and van der Werf, 2011; van Leeuwen et al., 2014] .
Top-down observations also provide constraints on the estimates of these emissions. In particular, inverse analyses of smoke observations at or near a fire event have been conducted in the past to update prior emission estimates [e.g., Arellano et al., 2006; Chevallier et al., 2009; Kopacz et al., 2010; Hooghiemstra et al., 2012; Huneeus et al., 2012; Pechony et al., 2013; Mao et al., 2014; Konovalov et al., 2014] . A previous intercomparison study of fire emission inventories showed reasonable consistency in large-scale temporal and spatial patterns, but important differences (as large as a factor of 10) were found for monthly estimates [e.g., AlSaadi et al., 2008; Urbanski et al., 2011] . While past inverse analyses have provided top-down constraints on these estimates, all of these analyses suffer from systematic issues such as mismatch in scales, errors in transforming emission to concentrations, and inconsistencies in emission estimates across species X [e.g., Stavrakou et al., 2015; Hyer et al., 2012] . Representativeness and model (transport, mixing, removal, and chemistry) errors are difficult to address with a single modeling system and traditional methods/approximations. Moreover, despite the fact that multispecies inverse modeling studies have made progress by using satellite and/or ground and/or airborne data [Kopacz et al., 2010; Hooghiemstra et al., 2012; Konovalov et al., 2014; Mao et al., 2014; Miyazaki et al., 2015] , such studies have yet to directly connect and reconcile with emission inventories through improvements in understanding of combustion activity levels/fuel consumption (Aand B) and/or combustion efficiency and emission factors (C and EFX) [Streets et al., 2013] .
A newer approach to quantifying fire emissions is through the use of satellite fire radiative power (FRP)or fire radiative energy retrievals [e.g., Wooster et al., 2005; Ichoku and Kaufman, 2005; Freeborn et al., 2008; Ichoku et al., 2008; Kaiser et al., 2012; Ichoku and Ellison, 2014] . The amount of species X emitted during a fire can be estimated by the product of FRE and (emission coefficient with unit of kg MJ − 1
). This has led to empirical approximations of "combined" or "bulk" combustion efficiency and regional emission coefficients and EFX [e.g., Ichoku and Ellison, 2014; Schreier et al., 2014] . It is mostly applicable for large-scale fires in which satellite products might most likely capture such events. However, both methods suffer from associated uncertainties in EFX as well as undersampling due to clouds and aerosol contamination.
Overall, large uncertainties and inconsistencies remain to exist on our understanding of fire characteristics and associated smoke emissions. These uncertainties represent therefore a key challenge to understand and predict the impacts of fires and their strong interactions with other components of the Earth system [e.g., Kaiser and Keywood, 2015; Hyer et al., 2012; Knorr et al., 2012; Langmann et al., 2009] . These uncertainties are mainly due to the highly episodic and complex nature of fires across quite a variety of spatial and temporal scales, as well as ecological, environmental, and socio-economic conditions. This makes it very difficult to capture, study, and synthesize these fires and their consequences from a specific aspect of biomass burning, or particular observing, and/or modeling system alone [e.g., Schroeder et al., 2005] . An integrated approach to accurately and consistently monitor, quantify, assess, and predict fire emissions (and their impacts) is imperative at scales relevant to air quality, health, ecosystem services, and environmental policies [e.g., Goldammer, 2015; Kaiser and Keywood, 2015] .
In light of decadal satellite-derived data on combustion products for CO (e.g., Measurements Of Pollution In The Troposphere, NASA Terra/MOPITT), NO2 (e.g., Ozone Monitoring Instrument, NASA/Aura OMI), aerosols (e.g., in terms of Moderate Resolution Imaging Spectroradiometer -NASA Terra/Aqua MODIS aerosol optical depth and OMI aerosol index), and CO2 (e.g., Greenhouse Gases Observing Satellite, JAXA/GOSAT and NASA Orbiting Carbon Observatory, OCO-2), there is a unique opportunity to explore and assess observational constraints on fire characteristics from these sets of retrievals. Observations of the relative abundance of these smoke constituents from space provide a means to assess and monitor the dominant smoldering/flaming properties of fires in the absence of field campaign data. This is especially the case given the availability of fire activity products from various satellite instruments (e.g., MODIS, Suomi National Polar-orbiting Partnership satellite, and Geostationary Operational Environmental Satellite), which provide complementary information on fire emissions. Hence, in conjunction with fire activity data such as MODIS FRP, we present in this study a joint analysis of MOPITT CO, OMI NO2, and MODIS aerosol optical depth (AOD) to investigate the potential utility of combining these retrievals in characterizing dominant combustion patterns during large-scale fire events. This is a proof-of-concept study, which is a direct extension of studies conducted by Konovalov et al. [2014] on CO2, CO, and AOD; Ichoku and Ellison [2014] on AOD and FRP; and Schreier et al. [2014] and Mebust and Cohen [2014] on NO2 and FRP. Here we introduce a satellite-derived smoke index (SI), which is a combination of fire enhancements in CO, NO2, and AOD, to indicate the integrated fire characteristics. This approach provides a synthesis on combustion efficiency, which, to our knowledge, has not been established for satellite retrievals. This index leverages on the complementary information of CO and AOD as indicators of incomplete combustion and NOx (and CO2 when available) as an indicator of more complete combustion. This index can be used to diagnose the consistency of emission estimates for different constituents and consequently provide insights on combustion efficiency. This is especially useful when used within a data assimilation/inverse modeling framework (such as GFAS) as observational constraints on emission coefficients.
In this study, we focus on fires in the Amazon region. As previously mentioned, Amazon fires contribute significantly to global biomass-burning emissions and have important influence on carbon budget and climate. There is also a unique opportunity in this region to test our approach in differentiating fire characteristics across different vegetation types (savanna versus tropical forest) and fire types (deforestation versus nondeforestation/understory fires) as well as in identifying the influence of drought on fire characteristics. This is especially true given the relatively large number of studies including field campaigns conducted in the region.
The outline of this paper is as follows: In section 2, we describe the data sets and methods for analyzing the distribution of smoke variables. We investigate in section 3 the individual patterns of CO, NO2, AOD, FRP, Drought Severity Index, and deforestation rate across the recent decade (2005 to 2014) to provide a general overview of the average fire characteristics when viewed as separate smoke variables. We then introduce in section 4 a satellite-derived SI and analyze fire characteristics in the Amazon from the perspective of its joint statistical distribution. Here we look at the spatiotemporal patterns of SI within the context of land cover, deforestation, and drought to elucidate key factors influencing the observed smoke patterns. In section 5, we compare the SI to field measurements reported in literature and current fire emission inventories to further support our methodology. We discuss and summarize this study in section 6.
Data and Methods

Spatial Domain of Study
We select the study domain to coincide with the Large-Scale Biosphere-Atmosphere Experiment in Amazonia (LBA) Regional Boundary for the Amazon and Tocantins river basins [Costa et al., 2003] . Spatial resolution of the LBA data set is 0.083° (approximately 9 km). We convert it into 0.5° to coincide with the coarsest resolution among all data sets that we use in this study (e.g., MODIS Land Cover and Drought Severity Index). After regridding, the domain covers 70 half-degree grids in latitude and 110 half-degree grids in longitude and centered on the Amazon basin (about 200 km north of Porto Velho). All data sets described in the next section are regridded to 0.5° resolution (using simple averaging). Table 1 is the summary of the data sets used in this study. For CO, we use the NASA Terra Measurements Of Pollution In The Troposphere (MOPITT) version 6, Level 2, multispectral (thermal infrared/near infrared) retrievals of carbon monoxide (CO) total columns. These retrievals exhibit an enhanced sensitivity to the lower tropospheric CO compared to thermal infrared-only retrievals. In addition, this version of MOPITT has improved the representation of CO variability on fine spatial scales. The geolocation bias has been characterized and eliminated in this version [Deeter et al., 2014] . For NO2, we use tropospheric column retrievals from NASA Aura/OMI DOMINO v2.0. This version is an improvement of DOMINO v1.02 (in terms of air mass factor and sampling of a priori NO2 profiles) and agrees better with independent measurements and model simulations [Boersma et al., 2011] . For aerosol abundance, we use MODIS aerosol optical depth (AOD) retrievals at 550 nm (Level 2 Collection 5.1, dark target algorithm) from both NASA Terra (MOD04_L2) and Aqua (MYD04_L2) satellites [Levy et al., 2010 [Levy et al., , 2015 . et al., 2013] To complement these smoke retrievals, we use MODIS FRP retrievals from Fire Information for
Satellite Retrievals and Ancillary Data Sets
Resource Management System (FIRMS) [Davies et al., 2009] . This provides information on fire intensity. We use fire counts based on thermal anomalies from MODIS land product Collection 5, MODIS DSI provides an index of drought severity, with positive values corresponding to wetter than normal and negative values to drier than normal. We choose DSI because this provides temporally and spatially continuous information on vegetation and surface conditions and overcomes the limitations in using reanalysis data.
Spatiotemporal Filters
This study focuses on the LBA Amazon region defined in Costa et al. [2003] . We only consider fire season in this Amazon region from 2005 to 2014 corresponding to the months of June to November. While the dry (fire) season in this region typically occurs from July to October (with fires peaking in September), we include in the analysis the months of June, July, and November to cover the entire evolution of fire season conditions and incorporate the possibility of modest changes in the growing season during drought years [e.g., Asner et al., 2000] . The total number of fire events during this period is shown in Figure 1a . We define a fire event for each halfdegree grid cell to correspond to one or more fire counts on a given day. For each grid cell within the LBA regional domain, the total number of fire events can be interpreted as the total number of days of fire occurrence. If a fire event occurs every single day for a given grid cell, then the maximum number would be 1830 days. But inherent sampling (revisit time, see Table 1 ) and associated retrieval issues from Terra/Aqua MODIS instrument limit this to a much lower number. We recognize that this approach does not distinguish the size and duration of individual fires. It represents, however, the aggregated (across the half-degree grid) information on when and where a fire has occurred. About 50 to 200 fire events have been registered for each grid, most of which are located in the southern and eastern parts of the Amazon, especially in Mato Grosso. Figure 1b shows the number of fire events we use in section 4 and later sections. This corresponds to the fire events for which CO, AOD, NO2, and FRP data are all available. Although the number of fire events is reduced by a factor of 4, the spatial pattern of these fire events remains to be similar. The pair-wise (spatial) correlations between Figures 1a and 1b for each year and for the overall 10 year period vary from 0.6 to 0.9 (see Table S1 in the supporting information). The relatively high correlation reveals that our analysis represents the fire season consistently across the study period. We note that even though the samples maintain the spatial structure of fire activities across the region, as indicated, for example, by high correlations (Table   S1 ), there is a large interannual variability in the fraction of fire counts used in this study that is not explicitly corrected in our estimates of SI and FRP. This may under-represent some of the years (e.g., 2009 and 2010) in the trend analysis. However, this issue is not expected to significantly influence our results. The white and black boxes correspond to regions used in our analysis of (A1) highly deforested and (A2) barely deforested areas, respectively. Dominant land cover across the study period within each half-degree grid cell is shown in Figure 1c . We use yearly MODIS data set to identify the vegetation type of the fire events detected by MODIS (section 4.3.2). For 2013 and 2014, we use the latest MODIS product for 2012 as there is no MODIS land cover data set specific to these years available during the time of this study. Fire events occurred mostly along the edges of savanna, grassland, and tropical forest in the southeastern side of the Amazon basin. Deforestation activities in this region show a similar pattern. This is shown in Figure 1d as the accumulated fraction of deforested areas within the grid cell across 2005-2013. Highly deforested areas in the Amazon (i.e., higher fraction) practically correspond to areas with larger number of fire events (arc of deforestation)
[e.g., Malhi et al., 2008; Morton et al., 2008; Cardozo et al., 2014] .
Field Campaign Data and Emission Inventories
We use enhancement ratios reported from field campaigns in the Amazon to assess the reasonableness of SI introduced in this study. We compile and summarize the data in Table S2 .
This includes emission factors and/or ratios of CO2, CO, NOX, and particulate matter (PM) as well as MCE/CE and fire phases (when available). We note that different field campaigns provide different types of PM (e.g., PM2.5, PM4, PM10, and aerosol number). We derive average enhancement ratios from this compilation (when not available), which we then compare with SI (see section 5).
Since near-field enhancement ratios from field campaign are used by current emission inventories to parameterize C and EFx, we also examine a couple of emission inventories that follow a similar traditional methodology as described by Seiler and Crutzen [1980] . In particular,
we calculated an analogous smoke index from GFED4s and FINNv1.5 to elucidate consistencies with our derived satellite-based SI. 
Spatial and Temporal Distribution of Smoke Variables
In this section, we present the individual spatiotemporal patterns of CO, AOD, and NO2together with correlative data sets on fire counts, FRP, DSI, and deforestation rates. These patterns provide a general context of fires in this region similar to traditional analysis approaches done in the past. We will further elaborate on the joint statistical distribution of these variables in section 4 where we introduce SI.
For this analysis, we use all available data for each smoke variable. Temporally, we find overall decreasing trends on CO, NO2, AOD, and FRP which are well correlated with the trend on deforestation rate, while the anomalies (especially for CO and AOD) are well correlated with drought. We also find strikingly similar spatial patterns between CO and AOD (R = 0.72) as well as between NO2 and FRP.
Anomaly Trends
For FRP, AOD, CO, and NO2, we calculate the average cycle of the fire season for the entire domain by using a Gaussian fit to the daily data (183 days × 10 years). We then subtract this seasonal cycle from the daily data to calculate daily anomalies. The anomalies are then concatenated across the entire study period. We estimate a linear trend to this resulting time series by using a standard linear regression analysis on the mean anomalies. The results are shown in Figure 2 together with the annual average of MODIS DSI and total PRODES deforestation rates. We find that all variables decreased in the recent decade with CO and FRP decreasing faster than AOD and NO2. , 2006; Aragao et al., 2007; Chen et al., 2013] . The enhancements on CO and aerosol abundance during drought years suggest that drought has a larger impact on smoldering fires which is associated with larger amounts of CO and aerosol emissions. Figure 3 shows the spatial distribution of DSI, CO, NO2, AOD, and FRP. High loadings of CO and aerosols are centered in the south (Mato Grosso), while high NO2 and more intense fires (higher FRP) are found in the eastern side of Amazonia (mostly in Para). While there is a large interannual variability (as shown in the standard deviation), we find strikingly similar spatial patterns between CO and AOD (R = 0.72) as well as between NO2 and FRP (R = 0.45). This is clearly shown in the average and anomaly plots. The differences in the typical lifetime of CO (1-2 months), NO2 (hours to days), and aerosols (days to weeks) may partially contribute to the differences in spatial pattern in Figure 3 , especially between CO and NO2. Mesoscale to regional weather conditions (i.e., transport at weekly scale in time and in the order of hundred kilometers in space) can also play a role on the similarity between CO and AOD. On the other hand, there is also a possibility that the differences in spatial patterns observed are also due to differences in fire characteristics among these fire areas. Fires in the south are represented by higher CO and aerosol abundance, while fires in the eastern side of the basin are represented by higher NO2 concentrations. We will investigate this further in section 4 by focusing on "coincident" data sets of fire and loadings of fire constituents and their joint distribution. 
Spatial Patterns
Satellite-derived Smoke Index (SI)
Here we introduce SI as an indicator of the dominant phase (smoldering/flaming) of large-scale fires. The joint distribution of smoke variables provides a means to glean on variations in fire properties. Thus, we carry out a series of analysis to separate key characteristics that influence fire emission and smoke profiles. We highlight here the strong relationship between FRP and SI.
Multispecies Analysis
The et al., 2015] . With this, we carry out a similar regression analysis on monthly scales across our spatial domain. We find that at this resolution, the three smoke constituents are positively and linearly correlated with FRP (Figure 4) , which is consistent with previous studies.
The correlation coefficients between FRP and CO, NO2, and AOD are 0.68, 0.83, and 0.68, respectively. This is expected since the dominant factor governing the relationship between FRP and emissions of fire products at a low spatiotemporal resolution could be combustion activity (see section 1). However, emissions also vary depending on combustion efficiency [Ward and Hardy, 1991; Andreae and Merlet, 2001; Akagi et al., 2011; Yokelson et al., 2007; Ferek et al., 1998 ], which could be dominant at a finer resolution. We investigate these relationships at relatively finer scales to further distinguish the dominant fire characteristic. For every single fire event (see Figure 1b) , we calculate the fractional enhancement in concentration for each smoke constituent due to fire. That is,
(1) where [X] is the smoke constituent's column abundance coincident with the fire event and [X]b is the average background abundance. The background value is defined for each pixel (location), year (time), and constituent. In particular, we specify the background value of a constituent (see Figure S1 in the supporting information) on a particular grid in the study domain as the 25th percentile of the data for nonfire days across the fire season of a particular year. We have defined a spatially and temporally explicit background to account for transported air mass contribution to the local fire enhancement. This contribution can be large for CO and aerosols which have relatively longer lifetime than the characteristic transport time scales in this region (see Figure   S1 ). This approach also accounts for the variations in the lifetime of aerosols during drought conditions when dry season precipitation is reduced. Our choice of a specific percentile is a trade-off between the use of a larger number of data points for robust analysis and having negative enhancements (e.g., higher percentile results in a higher background value increasing chances of negative daily enhancements). However, we note that the main results do not change with different percentile assumptions. We also recognize that we cannot completely eliminate the influence of transport and lifetime by using this method alone. Nevertheless, our results consistently reflect the observed patterns of large-scale smoke signatures in view of different factors influencing fire characteristics.
Figure 4 (bottom) shows the joint probability density function (pdf) of FRP and fractional enhancement fΔX. Each bin corresponds to the joint probability that FRP and fΔX are associated with particular bin values (>90th percentile of fΔX is not shown). We find differences on the mode and shape of these pdfs, indicating that they provide different "pieces of information" on fire characteristics. However, the relationship between FRP and fΔX is nonlinear for CO, NO2, and AOD. FRP shows a negative relation with both CO and AOD and a positive relation with NO2.
As flaming fires are usually associated with higher temperature combustion, FRP for flaming fires is likely to be higher than that for smoldering fires, given the same amount of fuel loading [Wooster et al., 2005] . Stronger CO and AOD enhancements are related most likely to lower FRPs and smoldering combustion (lower combustion efficiency), while higher NO2 enhancements are related to higher FRPs and most likely flaming combustion (higher combustion efficiency).
We propose a smoke index (SI) which combines the information. SI is expressed as the geometric mean of fractional enhancement in CO and AOD divided by the fractional enhancement in NO2.
(2)
We use fractional enhancements rather than absolute values to combine different constituents with different units (i.e., ppbv for CO, pptv for NO2, and unitless for AOD). Also, SI is derived by using satellite data (integrated columns) and associated enhancements are not exactly emissions from fire. Our approach is to choose data quadruples (FRP, CO, NO2, and AOD) that are coincident with fire events (within the half-degree grid cell and daily time scale) and to assume that the enhancements (ΔX) are strongly related to fire emissions (MX). The ratios of these enhancements correspond to the ratios of emission factors (i.e., MX/MY = EFX/EFY). For example, when a fire event is registered on a given day, the combustion phase for that day will be characterized by SI and FRP. If a fire event lasts for 2 days, then this is considered as two separate fire events (even though it is the same fire). Changes in the joint distribution of SI and FRP within this fire cycle will be associated with changes in combustion characteristics. This is especially useful as combustion phase may vary during a fire cycle. Although it is typical to have both flaming and smoldering in a given fire, a dominant combustion phase exists at any given time. In a fire cycle, the smoldering phase typically follows the flaming phase (residual smoldering combustion or RSC, Urbanski et al. [2008] ). However, there are fires with low combustion efficiency (e.g., low temperature and high moisture conditions) throughout the cycle and barely reaching the flaming phase and fires that are in smoldering phase transitioning to flaming phase [Rein, 2009] . The heat release in smoldering fires is also low compared to that in flaming fires [Rein, 2009] , which is consistent with the information from maximum FRPs.
When viewed from a probabilistic approach, the satellite-derived SI represents an integrated (most likely or dominant) fire characteristic rather than specific to individual fire event.
High SI (high CO and/or AOD and low NO2) in low FRP condition corresponds to smoldering fires as dominant combustion phase, while low SI (high NO2 and low CO and/or AOD) in high FRP condition corresponds to flaming fires as dominant combustion phase. SI is inversely related to CE or MCE, which is typically used to differentiate from flaming (higher CE) and smoldering (lower CE) fires in prescribing emission factors [Ward and Hardy, 1991; Ferek et al., 1998; Andreae and Merlet, 2001; Yokelson et al., 2007; Christian et al., 2007; Akagi et al., 2011] . We will compare this SI with field campaign data on fire combustion efficiency (and flaming versus smoldering property) in section 5. 
Spatial and Temporal Distribution of SI
Here we elaborate on the spatiotemporal properties of SI. We repeat our analysis on smoke patterns in section 3 for SI in the Amazon during its main fire season. We highlight the utility of SI in summarizing (as one index) the relationships that we saw earlier among the smoke retrievals of CO, NOx, and AOD. We find that (1) the overall SI shows a clear spatial distinction that is related to land cover and fire activity and (2) SI increases within a fire season indicating an overall decreasing trend in combustion efficiency across the season. The observed variability in SI with FRP across space and time implies a subsequent variability in the actual fire emissions which may not be reflected in current emission inventories.
Spatial Patterns
The average SI across the study period is shown in Figure 6 . High SI can be seen in the southwestern side of the Amazon and close to the tropical forest and grassland/shrubland/savanna boundaries. SI values start low in the eastern edge and increase westward. This spatial pattern is fairly correlated with the pattern of land cover (Figure 1c ) and deforestation ( Figure 1d ). It appears that fires in savanna tend to have higher SI compared to fires in tropical forest areas. Fires in highly deforested regions also show lower SI values than fires in barely deforested regions. We infer from this pattern that fires in highly deforested regions have relatively more flaming fires (higher combustion efficiency), whereas in the barely deforested regions, there are relatively more smoldering fires (lower combustion efficiency). This result implies that deforestation fires tend to have higher combustion efficiency and more likely to be dominated by flaming fires relative to other types of fire (e.g., understory fires). This result is consistent with previous work by Rein [2009] . The high SI signature in the southeast corner of the Amazon basin can be associated with agricultural fires as has been suggested by Chen et al.
[2013]. We infer from this trend that, on average, the dominant fire combustion efficiency in the Amazon is decreasing with time. While flaming and smoldering occur during a fire event [Guyon et al., 2005] , the associated smoke emissions are relatively dominated by flaming combustion at the beginning of the fire season and evolve to more dominant smoldering combustion in the end.
Temporal Patterns
This average pattern can be explained as follows: At the beginning of the fire season, deforestation fires (flaming conditions) are more dominant [Yokelson et al., 2007] . Even though there will still be new deforestation fires in flaming phase as time progresses, most flaming fires evolve to become residual smoldering combustion (RSC) fires. RSC can last for days or weeks after the end of flaming combustion [Urbanski et al., 2008] . As a result, the overall combustion efficiency decreases with time. Another possible scenario would be that, during the fire season, deforestation fires can lead to nondeforestation fires (mostly understory fires) with lower combustion efficiency [Rein, 2009; Morton et al., 2013] . The relative importance of nondeforestation fires increases with time; therefore, the overall combustion efficiency decreases with time. Note that even with the careful definition of background value to minimize the impact of transport, it is possible that the sensitivity of SIto changes in fire properties decreases over time within the fire season due to the accumulation of smoke constituents (especially longerlived species) emitted from fires earlier in the season.
Key Factors of Smoke Index (SI)
We investigate the variations of SI with FRP across several key factors. We focus in particular on analyzing SI across location, land cover, drought, and deforestation to support our hypothesis that SI can be a useful indicator of integrated smoldering/flaming phase of fires in this region.
Differences in SI across these stratifications provide insights on MX by looking into the variations in fire properties (C and EFX). As discussed in section 1, C and EFX are difficult to measure or estimate. In many cases, these two most uncertain parameters in MXare coupled and mainly influenced by environmental conditions such as land cover (e.g., fuel type), climate conditions (e.g., drought), and fire type (deforestation and forest fires) as well as socio-economic-political drivers (e.g., fire practices and policies). We highlight the differences in the patterns of SI to further elucidate the linkages of SI to the drivers of C and EFX. Figure 8 shows the difference in SI and FRP CDFs across several states in the region. We find that Mato Grosso has higher 90th percentile FRP (~450 MW) than in Para and Rondonia (~400 MW). These are the three states with most frequent fire occurrence. The higher 90th
Variations Across Location
percentile SI values in Mato Grosso and Rondonia (~2.8), on the other hand, are higher than in Para (~2.0). This pattern corresponds well with differences in dominant land cover and fire practices across the states.
Figure 8 Open in figure viewer PowerPoint
Variations in cumulative distribution functions of (top) SI and (bottom) FRP across states in Amazonia (using all data for the entire study period). The colored lines to the states in the study domain (yellow, Maranhao; orange, Para; brown, Mato Grosso; red, Rondonia; green, Amazonas; blue, Acre). See inset in bottom part of figure for relative location of these states within Amazonia.
Variations in Land Cover
We stratify SI and FRP in terms of broad vegetation type (forest and nonforest) across the Amazon and compare the resulting joint pdfs and individual CDFs (Figure 9 ) to the overall SIand FRP shown in Figure 5 . We select two subregions for this analysis. The choice on the size and location of these two subregions is motivated by the use of a coarser spatial resolution land cover map (0.5°). We choose specific locations that have relatively homogeneous land cover type but with similar number of fire events. Choosing generic locations is especially problematic in the southeast Amazon basin where fires are influenced by agricultural burning. Based on Figure 9 , it appears that fires in nonforest areas (mostly savannas) have clearly higher overall combustion efficiency (SI ~0.6) than fires in forested areas (SI ~1.0). FRPs, on the other hand, are very similar. We note that the fuel types and associated emission factors for CO, NO2, and aerosols are different for forests and nonforest [Andreae and Merlet, 2001] . It is difficult to tease out this confounding influence with combustion efficiency. With this in mind, our results appear to be consistent with previous studies reporting higher combustion efficiency of fires in savannas than in forests [Urbanski et al., 2008; Yokelson et al., 2007] . Figure 10 shows the differences of SI and FRP between drought and nondrought years. The joint pdf for drought years (2005, 2006, 2007, and 2010) shows higher 90th percentile SIvalue compared to that for nondrought years (2008-2009 and 2011-2014) . This is not to say that during a drought year, fires can be characterized by smoldering fires alone. In fact, deforestation fires, which are a mixture of flaming and smoldering phase, occur every year regardless of drought. Flaming and smoldering combustion occur simultaneously in deforestation fires [Guyon et al., 2005] . During drought years, however, there is a high possibility that increasing the number of deforestation fires can spread and increase the number of understory fires [Alencar et al., 2004; Alencar et al., 2006; Aragao et al., 2007; Chen et al., 2013] . Smoldering combustion is more likely to be present in understory fires [Rein, 2009] . Another aspect of drought is its impact on combustion efficiency. Drier conditions provide higher chances of flaming than smoldering fires [Bloom et al., 2015] . Our results show, however, that there is a much larger spread to smoldering fires in nondeforested areas. This implies that drier conditions during drought years have relatively larger impact on nondeforestation than deforestation fires. Generally, although drought may increase combustion efficiency for each fire event, it decreases the overall combustion efficiency for the entire region through two possible mechanisms: (1) introducing more low-efficiency fires directly and/or (2) increasing duration of existing fires resulting to enhancement in smoldering phase. Again, the CDF of FRP does not show a clear difference between drought and nondrought years. While issues with FRP retrievals and sampling cannot be neglected, this pattern is consistent with Figure 2 that in drought years, smoke anomalies are more enhanced compared to FRP anomalies. It is also worth mentioning that the CDF for all fires (overall SI) is closer to the CDF for drought than nondrought years. We suppose that this is more of a sampling issue since there are more fire events in drought than nondrought years, which again is fairly consistent with the finding in previous studies concerning drought and understory fires [Alencar et al., 2004; Alencar et al., 2006; Aragao et al., 2007; Chen et al., 2013] . 
Variations During Drought
Variations in Fire Type
In section 4.2 we made an inference on the relationship between combustion phase (flaming/smoldering) and "fire type" (deforestation/ nondeforestation) based on similarity in spatiotemporal patterns. That is, fires in deforested areas have higher combustion efficiency than those in nondeforested areas. Here we support this finding by investigating SI and FRP in two subregions (A1 and A2) which we have denoted in Figure 1d . A1 and A2 correspond to highly deforested and barely deforested areas. To avoid potential sampling bias, these boxes were selected following three criteria: (1) There should be adequate fire events in the subregions; (2) the sizes of these boxes should be the same; and (3) one subregion for both A1 and A2 should be located in the southern Amazon and one in the eastern Amazon. The average percent deforestation for A1 and A2 are 0.1 and 0.02, respectively. This differentiates between highly and barely deforested regions. The ensuing joint pdfs and individual CDFs are shown in Figure 11 .
There is a higher probability of high SI value and low FRP (most likely dominated by smoldering combustion) in A2 than in A1. The CDF of FRP for the entire region is similar to the CDF of A2, while the CDF of SI for the entire region is between the CDFs of A1 and A2. It does not mean, however, that nondeforestation fires are dominant. , and all data (black). All data for the entire study period corresponding to A1 and A2 were used.
Comparison with Analogous Smoke Indices
In the previous sections, we have introduced SI and analyzed its spatial and temporal joint distribution with FRP in relation to key factors that influence emissions. In this section, we compare SI with an analogous quantity derived from field campaign and existing emission inventories. Our goal is to verify the robustness of the SI concept and demonstrate its potential application. This is our attempt to link SI to the parameters of MX (i.e., C and EFX as mentioned in section 1). Our comparison shows that SI is reasonably consistent with the patterns of near-field observed enhancement ratios. Here we suggest that the variations in SI across space and time provide a useful diagnostic for current emission inventories, where C and EFX are typically prescribed as functions of land cover and/or fuel type.
Field Campaigns
We summarize the emission factors and emission ratios inferred from field campaigns that were carried out in the Amazon, along with a previous compilation by Andreae and Merlet [2001] and Akagi et al. [2011] . We note that the study period and domain as well as observations of smoke constituents vary across these field campaigns. Combustion efficiencies are also reported as MCE or CE or labeled as flaming and smoldering based on a certain threshold. For comparison purposes, we define an analogous smoke index as , where c corresponds to concentration-based ASI. It is an identical expression to SI but using EFX instead of fractional enhancements fΔX due to fires. We also use PM as surrogate for AOD and NOX for NO2 in the calculation of ASIc. Given that ASIc is based on specific field campaign smoke observations, while SI is based on satellite column retrievals, the magnitudes and units of these two indexes are not quantitatively comparable. Our comparison between ASIc and SI focuses on identifying emerging patterns. The relationships between calculated ASIc and reported MCE are shown in Figure 12 . In general, ASIc is nonlinearly related to MCE. Higher ASIc typically corresponds to lower MCE (smoldering) and vice versa (flaming). Qualitatively, this pattern is consistent with our hypothesis that higher SI is related to lower combustion efficiency. Several of these studies show consistently a clear distinction between flaming and smoldering fires in terms of ASIc [Ferek et al., 1998; Yokelson et al., 2007] . This is especially the case with ASIc from Ferek et al. [1998] . We also find that ASIc shows a clearer distinction in MCE than using only the emission ratio of CO and NOX (Figure 12b ) or emission ratio of PM and NOX (Figure 12c ).
Figure 12
Open in figure viewer PowerPoint (a) Relationship of MCE and ASIc, (b) emission ratios of CO and NOX, and (c) emission ratios of PM and NOX from field campaigns in the Amazon (see Table S2 for details on the data). Data 
Fire Emission Inventories
Analogous SI from GFED4s and FINNv1.5 is calculated as , where ecorresponds to emission-based ASI. For both GFED and FINN, the daily emitted amount of trace gas or aerosol species (Mx) during the fire season in 2005-2014 is regridded into halfdegree resolution. ASIe is then calculated for each day and grid cell. As noted in sections 1and 4.1, Mx emitted from a fire is proportional to its emission factor, EFX. We expect to recover the effective ratio of emission factors applied in these inventories when calculating ASIe since the ratio of Mx for different species X cancels out the activity term in Mx.
Hence, the spatial pattern of ASIe can be associated with the treatment of EFX in these inventories, which is typically calculated for a given grid cell as a weighted average of emission factors for broad vegetation and fuel types. We show in Figure 13 (left) the spatial distribution of ASIefrom GFED and FINN averaged across the study period (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) . The spatial pattern of ASIe from GFED closely resembles the pattern of deforestation in Figure 1d , whereas ASIefrom FINN closely resembles the pattern of land cover in Figure 1c . This difference is also shown in the CDFs of ASIe from FINN and GFED (Figure 13b ) before applying the fire mask that we adopted in our SI analysis (Figure 1b ). GFED appears to have a higher fraction of lower ASIe than FINN.
They also slightly differ in the minimum ASIe. The maximum and minimum values of ASIe from GFED are 20.5 and 5.9, respectively. These correspond to ASIevalues calculated by using EFX for temperate forest fires (maximum) and savanna fires (minimum) from an updated version of Andreae and Merlet [2001] . When we only considered the grid cells used in our SI analysis, the shape of the CDF has shifted to higher ASIe (Figure 13d ). This is more apparent in GFED than in FINN. Now the maximum value of ASIefrom GFED dropped to 13.6 which corresponds exactly to ASIe calculated by using EFX for tropical forest fires. This represents a shift to a larger influence of deforestation and savanna fires across the domain of our SI analysis. This is also obviously consistent with GFED's and FINN's treatment of these EFX values, which vary only with broad vegetation and fuel type and highlight the dependencies in Mx to assumptions of land cover. We note that the shape of the CDF in SI is more continuous and monotonically increasing than ASIe from both FINN and GFED. There appears to be an inconsistency in the overall combustion efficiency (i.e., product of C and EFX) between enhancement-based and emissionbased analyses. We suggest that combustion efficiency should also vary in space and time (not just with land cover), and as a consequence, fire emissions should have more variations in emission factors than what is implemented in current inventories. In particular, parameterization of fire emission models based on appropriate SI analogs for different conditions (deforestation/nondeforestation, drought/nondrought, tropical forest/savanna, and flaming/smoldering) can be used to scale bottom-up fire emissions, which can then lead to more consistent emission estimates of these combustion products. 
Summary and Discussions
There is a unique opportunity to utilize decadal satellite records of combustion products in improving the consistency and accuracy of current fire emission estimates. This is particularly the case in providing observational constraints on combustion efficiency, which is one of the most uncertain and difficult-to-observe emission model parameters at present time. While recent efforts to combine retrievals of fire combustion signatures have been made [Mishra et al., 2015; Schreier et al., 2014] , none of these studies have established a synthesis analysis of MOPITT CO, OMI NO2, and MODIS AOD in conjunction with MODIS FRP. In this study, we introduce SI that is derived from the combination of these retrievals as an indicator of overall combustion efficiency. This is based on our understanding that more efficient combustion (flaming) produces more oxidized products of carbon, hydrogen, and nitrogen from the biomass consumed (e.g., CO2, H2O, and NOX) and that less-efficient combustion (smoldering) produces smoke, which is mostly CO and organic aerosols. The relative abundance of these smoke constituents provides a window to combustion efficiency and its variability. This study demonstrates the utility of these satellite retrievals to distinguish dominant fire characteristics consistent with the information that can be derived from these retrievals. We focus our initial study on the fires in the Amazon from 2005 to 2014.
Anomalies of these combustion products, as well as FRP, show the influence of deforestation activities on the decreasing trend across the study period. Drought, on the other hand, enhances these anomalies, especially for CO and AOD, and has larger influence on the increase in the number of smoldering fires. The patterns in FRP and NO2 are well correlated with higher combustion efficiencies (flaming) and deforestation fires. In conjunction with FRP, we find that our satellite-derived SI, which is calculated as the ratio of the geometric mean of observed enhancements due to fire in CO and AOD to that of NO2, is able to distinguish variations in combustion efficiency during fire (dry) season in the Amazon. That is, the flaming phase dominates at the beginning (high FRP and low SI) and smoldering phase (low FRP and high SI) at the end of the fire season. We note that potential overestimation of OMI NO2 due to aerosols [Castellanos et al., 2015] and underestimation of MODIS AOD and MOPITT CO in smoldering fires imply more enhanced SI under this condition. Consistent with our single-species analysis and past studies of fires in the region, we also find that flaming combustion is more dominant in areas mainly having deforestation fires, while smoldering combustion has a larger influence during drought years when understory fires are more likely to occur. Our analysis is also consistent with field campaign data reported in the literature. The results show that the relation between analogous SIderived from field campaign and MCE supports the main patterns that we find in SI. Furthermore, the differences in the patterns of analogous SI derived from emission inventories (GFED and FINN) and SI derived from enhancements highlight the need to incorporate observationally constrained variations in emission factors in current fire emission models.
Although we have carefully selected conditions on which issues in sampling (including clouds), retrieval algorithm, implementation (saturation, contamination, and biases), and subgrid variations do not dominate our analysis, we also recognize that these issues still likely influence our data-driven analysis, especially when defining fire enhancements. It is difficult to isolate local from transported contribution and the influence of combustion efficiency from differences in lifetime merely based on the variations in SI. While these issues are better handled by more advanced systems such as data assimilation and inverse modeling, we address these issues as follows: (1) We propose that the interpretation of SIshould be in conjunction with FRP. This is analogous to looking at the joint phase of fire activity and efficiency. (2) We only calculate SI values for which fire hotspots are detected. We have also defined a spatially and temporally explicit background to minimize the influence due to transport and lifetime. (3) We present corroborating evidences (MCE from previous literature) and comparison with ASI to provide a broader picture of SI. Overall, we propose that the interpretation of SI in this study be limited to large-scale (dominant) features of fires in the Amazon, not on individual fires where the impacts of these issues are larger.
Our results point to the utility of SI as proxies for overall combustion efficiency in potentially parameterizing current fire emission models to better represent mesoscale-to-regional spatiotemporal variations. The application of SI to improve emissions hinges upon the use of models and data assimilation. This work complements recent studies on emission factors [e.g., van Leeuwen and van der Werf, 2011] and on emission coefficients [e.g., Ichoku and Ellison, 2014] . SI also presents an important diagnostic for emissions and chemistry transport models, especially when applied within the framework of multispecies state estimation with inverse modeling of emission parameters. In the future, we plan to refine and generalize this approach to other fire regions such as the boreal forests in Alaska/Canada/Siberia and tropical forests in Africa and Indonesia.
